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Abstract
The saturated hydraulic conductivity and macroscopic capillary length of the upper part of the soil are two
important soil properties which control water infiltration and help us to create different models for predicting soil water
status. Measurement of these parameters is tedious, time consuming and expensive so to overcome this problem,
indirect methods such as Pedotransfer functions (PTFs) have been used for determining such parameters by using easily
measurable input data. The objective of this study was, comparing the performance of multiple linear regression and
regression tree for estimating saturated hydraulic conductivity and inverse of macroscopic capillary length parameter
(*). Therefore, saturated hydraulic conductivity) Kfs )and macroscopic capillary length (α*) in 60 study points of
Azadegan plain in Shahrekord were measured using single ring and multiple constant head method. Also, some of the
readily available soil data of two first pedogenic horizons of the soils were obtained. Then the multiple linear regression
and regression tree were used to derive PTFs. The accuracy and reliability of both methods were evaluated using root
mean square error (RMSE), mean error (ME), relative error (RE) and Pearson correlation coefficient (r). The results
indicated that the performance of regression tree was better than multiple linear regression. Furthermore, by comparing
results it is obvious that bulk density, geometric mean and weight mean of peds diameter had the most effects on
saturated hydraulic conductivity and macroscopic capillary length.
Keywords: Infiltration, inverse of macroscopic capillary length, pedotransfer functions, regression.
1. Introduction
Infiltration process plays an important role
in the hydrologic cycle. For a given storm, the
infiltration capacity of soil determines the amount
and the time distribution of rainfall excess available
for runoff [11].
* Corresponding author.
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The amount of water that infiltrates into the
soil is a principal parameter for water resource
management [6], soil water capacity, prediction of
surface water runoff and soil conservation purposes.
The sustainability of a groundwater system relies on
the amount of recharge by rainfall infiltration [3].
Also, the growing public concerns on pollutant
transport through soils makes the quantification of
infiltration as a fundamental parameter for the
design of appropriate remediation and pollution
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infiltration process enforced the researchers to
develop several methods to estimate infiltration
rates. The infiltration parameters can be obtained
from soil physical properties such as hydraulic
conductivity, porosity, water pressure head and
water content, using the theoretical models [9].
 The ring infiltrometer methods are used
primarily for in situ or field measurement of
saturated hydraulic conductivity, Kfs, in unsaturated
porous materials (e.g., soil). They can also be used,
for in situ determination of the capillarity
parameters: matrix flux potential, fm, sorptive
number, a*, the effective Green–Am pt wetting front
pressure head, cf, sorptivity, S, flow- weighted
mean pore diameter, PD [L], and the number of PD
pores per unit area.
Both theory and experiment show that the
infiltration rate through a ring or cylinder
infiltrometer is initially large and decreases with
time to approach quasi-steady-state value to
infiltration capacity. The time required to reach the
quasi-steady-state infiltration rate decreases as
diameter of the cylinder decreases.
The term quasi-steady-state is used here
because the approach to factual steady state for ring
infilterometers in some case can be slow to point of
being near asymptotic. In addition, the large natural
variability of filed soils can sometimes cause erratic
changes in infiltration rate with time so that
identification of true steady state becomes
problematic [9].
The quasi-steady-state infiltration through a
ring infiltrometer can be described using the













where qs is quasi-steady-state infiltration rate, Q iscorresponding quasi - steady flow rate, a is ring
radius, H is steady depth of plunged water in the
ring, d is depth of ring insertion into the soil, C1 =
0.316π and C2= 0.184 π are quasi empirical constantthat apply for d ≤ 3cm and H ≤ 3cm [9].
Equation (1) identifies three main
components of quasi state flow from water in
cylinder infilterometers, namely flow due to
hydrostatic pressure of the plunged water in the
cylinder(fires term), flow due the capillary of  the
unsaturated soil under and adjacent to the
cylinder(second term), and flow due the gravity
(third term). Lateral divergence on flow due to
hydrostatic pressure and capillary is accounted for
impilicity in the ( aCdC 21  ) term. (Reynolds et al,
2002).
The soil macroscopic capillary length (α*) in
equation (1) represents the relative importance of
gravity components and capillary forces during
infiltration. Large α* indicates a dominance of
gravity over capillary, which occurs primarily in
coarse-texture or highly structure porous media.
Small α*, on the other hand indicates dominance of
capillary over gravity, which occurs in fine textured
or unsaturated porous media.
The hydraulic conductivity of the upper part
of the soil is one of the most important properties
controlling water infiltration and surface runoff,
leaching of pesticides from agricultural lands, and
migration of pollutants from contaminated sites to
the ground water.
Obtaining a reliable estimate of the soil
conductivity for an area of interest may require
extensive measurements to account for the
variability of most field soils.
Moreover, the measured values can often vary
considerably with the applied measurement
technique due to the extreme sensitivity of this
parameter to sample size, flow geometry, sample
collection procedures and various soil physical–
hydrological characteristics [1].
2. Material and Method
           The infiltration data were obtained by single
Rings method from 60 points of Azadegan plain in
Shahrekord with different soil characteristics. Kfs
and * of these points measured using single ring
and multiple constant head method. Also, some of
the readily available soil data of two first pedogenic
layers of the soils consist of bulk density, particle
size distribution, percent organic matter, percent
CaCO3, geometric mean and weight mean of
aggregates diameter were obtained. The soil bulk
density was determined by the core method [2].
The particle-size distribution was determined
by hydrometry [4], percent organic was obtained by
Walkley and Black methods (1934), percent CaCO3
was determined by Nelson methods (1982) and
geometric mean and weight mean of aggregates
diameter  were obtained by wet sieving methods [7,
12]. The geometric mean and weight mean of
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where xi is arithmetic mean diameter of peds in
related classes, wi is proportion of the total sampleweight.
The quasi-steady state data were obtained
by twin ring (two adjacent cylinder). Then following
simultaneous equations were used to determine of kfs
and * :
)()]([ 1212 HHqqTk fs                     (4)
])()([)( 122112* THqTHqqq  (5)
aCdCT 21  (6)
where H1 and H2 is ponding depth in two cylinder,q1 and q2 is quasi-steady-state infiltration rate in two
cylinder, d are insertion depth of rings into the soil,
C1= 0.316π and C2=0.184 π are quasi empiricalconstant and a is ring radius [9].
The accuracy and reliability of Multiple
Linear Regression and Regression Tree were
evaluated using the statistic Pearson correlation
coefficient r (−), root of the mean square error,
RMSE (cm), and the mean Error, ME (cm).









Calculating ME statistics allows evaluating
the bias of cumulative infiltration curve; its absolute
value should be as small as possible. The ME
statistic indicates whether the selected model
overestimates or underestimates the measurements.












The relative error was calculated to compare
the performance of the mentioned models,
considering the vast range in the measured
infiltration rates.













The relative error is often used to compare
the quantities with differing size. The RE considers
the occurred error through infiltration in respect to
the final cumulative infiltration. This statistics was
used for considering the absolute values of
infiltration in different soils.
The Pearson correlation coefficient r(-)for









































The Pearson correlation coefficient is a
measure of linear association between two variables
(measured and predicted).
The values of correlation coefficients range
from −1 (a perfect negative relationship) to + 1 (a
perfect positive relationship). The sign of the
coefficient indicates the direction of the relationship,
and its absolute value indicates the strength, with
larger absolute values indicating stronger
relationships [4].
It is obvious that the smaller the ”Mean
AME” and ”Mean RMSE” values, and the more the
mean of r values approaches 1, the better
performance will be achieved for the method.
Classification trees are used when for each
observation of learning sample we know the class in
advance. Classes in learning sample may be
provided by user or calculated in accordance with
some exogenous rule. For example, for stocks
trading project, the class can be computed as a
subject to real change of asset price.
Let tp be a parent node and tl, tr -
respectively left and tight child nodes of parent node
tp. Consider the learning sample with variable
matrix X with M number of variables xj and N
observations. Let class vector Y consist of N
observations with total amount of K classes.
Classification tree is built in accordance with
splitting rule - the rule that performs the splitting of
learning sample into smaller parts. We already know
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that each time data have to be divided into two parts
with maximum homogeneity:
Figure 1. Splitting algorithm of CART
where, tp, tl, tr are parent, left and right nodes
respectively; xj - variable j andxjR is thebest splitting
value of variable xj .Maximum homogeneity of child nodes is
defined by so-called impurity function i(t). Since the
impurity of parent node tp is constant for any of the
possible splits xj ≤ xjR , j = 1, . . . ,M, the maximum
homogeneity of left and right child nodes will be
equivalent to the maximization of change of
impurity function ∆i(t):
 )()()( cp tiEtiti  (11)
)()()()( 1 rrlp tiptiptiti  (12)
3. Results and Discussions
The minimum and maximum values of
physical properties of the soil samples are given in
table 1.  The minimum and maximum soil CaCO3contents are varied from 30 to 47 percent,
respectively so all studied sites belong to calcareous
soils category. The percentage of organic matter
(OM) in surface layer and sub surface layer
decreased with increasing soil depth, varied from
0.80 to 3.90% and 0.17 to 1.70%, respectively. The
GMDs in surface and sub surface layer varies from
0.79 to 1.12 mm and 0.35 to 0.89 respectively.
Topsoil layer has thehighest and the subsoil has the
lowest GMD.
GMD decreased with increase in soil depth.
It is probably related to decreasing in OM content
with increase in soil depth.
The minimum and maximum values of Kfs
and α* ranges from 0.012 to 0.32 and 0.018 to 0.36,
respectively. The minimum, maximum and mean
cumulative infiltration rates were 0.069, 2.17 and
0.3 respectively.
Table 1 The minimum and maximum values of OC,









































Fig. 2 shows an average of the cumulative
infiltration rate in the studied regions.
Figure 2. Average of measured cumulative infiltration in
studied regions
Stepwise regression and regression tree
procedure methods were used to select the best
model related to the input parameters with the
model fit technique, where this procedure has taken
into account the level of correlation, effect of
multicollinearity and the ease of determination. In
the first step a correlation procedure was used.
Then, the stepwise regression method was used to
perform the regression analysis. Correlation test
showed that soil Kfs has highly significant (at
significant level, p ≤ 0.01) to soil ρb, OC, MWD,
and GMD (table 2).
Soil ρb is negatively correlated to soil Kfs
and *. This indicates that high ρb will decrease Kfs
and *. There is statistically significant positively
correlation between the values of MWD and GMD
with Kfs and *. It indicates that high MWD and
GMD will increase Kfs and *. Finally, there is no
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values of particle size distribution (sand, clay and
silt) and Kfs and *. Table 3 shows the stepwise
regression results for estimating Kfs,*   and validitytest models.




Table 4 Comparison of the models for predicted Kfs and *
Accuracy test Validity test









MWDK bfs 05.064.001.1)log(   0.32 0.031 -0.005 0.86 0.25 0.09 -0.005 83 2
GMDK bfs 671.030.2-24.1)log(   0.25 0.029 -0.004 0.87 0.23 0.035 -0.004 80 1
bfsK 53.2-19.2)log(  0.30 0.033 -0.006 0.85 0.27 0.042 -0.005 79 3
GMDK fs 31.239.3)log(  0.37 0.034 -0.01 0.54 0.56 0.056 -0.004 30 4
MWDK fs 0901.0-1.46)log(  0.40 0.036 -0.011 0.47 0.70 0.061 -0.015 21 5
)log(95.3-0.890*)log( GMD 0.49 0.058 -0.015 0.32 0.59 0.066 -0.016 0.28 2
MWD02.0082.0*  0.79 0.064 -0.015 0.3 0.84 0.068 -0.015 0.23 3
)(log6.374--0.194*)log( b  0.28 0.048 -0.005 0.73 0.33 0.050 -0.006 0.68 1
The ME values indicate that the all models,
underestimate the kfs and * for all studied models.
Based on the obtained RMSE values, performance
of the model in which GMD and ρb are arrived
simultaneously, for predicting kfs is highest.
Furthermore performance of the model that ρb are
that arrived, for predicting  *is highest. The highest
RMSE values were obtained for models that MWD
is arrived, so that these models have lower
performance. Based on the results of ranking models
given in table 3, the ρb is most important
independent variable for estimating kfs and *.
Regression tree for prediction of Kfs is
shown in fig. 2, and it indicates that ρb is most
important independent variable for division main
nodes to two branches. In the first classification,
examples of apparent specific ρb of less than 1.25
g/cm3 were on a node and those larger apparent
specific ρb equal to 1.25 were the other nodes.
Water infiltration rate to the soil strongly influenced
by soil texture and structures. Soils in this study
were in textural classes close together, therefore
saturated hydraulic conductivity more affected by
soil structural characteristics.
As indicated in fig. 4, by moving toward the
lower nodes, the amount of RMSE and standard
deviation will decrease. Validity and accuracy test
of regression tree for prediction of kfs and * areshown in table 5. ME values indicates that Kfs was
overestimated by using regression tree and * was
under estimated. Based on the obtained RMSE and
RE values, performance of the regression tree is
better than multiple linear regressions. Regression
tree for predicting *is shown in fig. 5. It indicates
that ρb is most important independent variable for
division main nodes to two branches. In the first
classification, examples of apparent specific ρb of
less than 1.25 g/cm3 were on a node and those larger
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apparent specific ρb equal to 1.25 were on the other
nodes. Water infiltration rate to the soil strongly
influenced by soil texture and structures.
As we said before, soils in this study were in
textural classes close together, therefore * more
affected by soil structural characteristics.
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Figure 4. The cure of RMSE versus number of node
count     50




count      36
Mean 0.0597
sta Dev   0.032
pb≥1.3421
count       21
Mean 0.038
sta Dev   0.019
Pb<1.3421
Means     15
Mean 0.088
sta Dev   0.023
Pb<1.254
count      14
Mean      0.162
sta Dev   0.061
MWD≤1.75
count      3
Mean      0.083
sta Dev   0.007
MWD<1.75
count       11
Mean       0.18
sta Dev 0.05
pb≥1.4025
count       9
Mean 0.020
sta Dev   0.008
Pb<1.4025
count       12
Mean      0.052
sta Dev   0.011
0C≥0.573
count       9
Mean      0.169
sta Dev    0.02
0C<0.573
count      2
Mean      0.245
sta Dev   0.106
Pb≥1.18
count       1
Mean 0.11
sta Dev    0
pb<1.18
count      8
Mean      0.177
sta Dev   0.015
pb≥1.236
count       1
Mean       0.17
sta Dev    0.0
Pb<1.236
count       1
Mean  0.32
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Table 5. The validation and accuracy test for prediction Kfs and * by used of regression tree
Dependent variable Test validity and
accuracy RE (-) RMSE(cm/min)
ME
(cm/min) R
Kfs Validity test 0.21 0.025 0.11 0.89
Accuracy test 0.19 0.023 0.09 0.90
* Validity test 0.24 0.019 -0.0062 0.86
Accuracy test 0.21 0.0186 -0.006 0.88
Figure 5. The regression tree for estimating *
Here * values was affected by particle size
distribution. as indicated in fig. 6 by moving toward
the lower nodes the amount of RMSE and standard
deviation is decreased. Fig. 7 shows measured
saturated hydraulic conductivity versus predicted
saturated hydraulic conductivity by Reynolds PTFs
class [9]. It shows that Reynolds PTFs class have
high performance for prediction Kfs. Comparisons of
the measured saturated hydraulic conductivity with
predicted saturated hydraulic conductivity by
Reynolds PTFs, multiple linear regression and
regression tree are shown in table 6. Considering the
ME, it can be observed that Reynolds PTFs class
and multiple linear regressions tend to overestimate
the Kfs, while regression tree underestimated the Kfs
for sites. Value of RE indicates that Reynolds PTFs
class predicted Kfs with accuracy of 13 percent.Based on the obtained RMSE and RE values, the
regression tree has the best performance for
predicting Kfs.
count     50
Mean   0.0884
sta Dev 0.062
pb≥1.252
count       37
Mean     0.105
staDev   0.052
pb≥1.402
count       10
Mean     0.046
staDev   0.029
Pb<1.402
count       27
Mean     0.126
sta Dev  0.04
Pb<1.252
count       13
Mean     0.203
sta Dev  0.069
Clay<22.67
count       2
Mean     0.128
sta Dev  0.011
Clay ≥22.67
count       11
Mean     0.217
sta Dev  0.066
pb≥1.553
count      4
Mean     0.019
staDev   0.002
Pb<1.553
count      6
Mean     0.064
sta Dev  0.024
pb≥1.17
count       10
Mean       0.20
sta Dev    0.04
Pb<1.17
count       1
Mean       0.36
sta Dev    0
OC<1.18
count      6
Mean     0.170
sta Dev  0.029
OC≥1.18
count      4
Mean     0.253
staDev   0.017
GMD<0.88
count     3
Mean     0.078
staDev   0.011
GMD≥0.88
count     24
Mean     0.132
staDev   0.039
silt≥34.064
count      19
Mean     0.125
sta Dev  0.040
Silt<34.064
count      5
Mean     0.160
sta Dev  0.012
sand≥19.98
count     10
Mean     0.110
staDev   0.040
Sand<19.98
count      9
Mean     0.141
staDev   0.036
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Figure 7. The measured saturated hydraulic conductivity (Kfs(m)) versus predicted saturated hydraulic (Kfs(p))
4. Conclusion
There are different methods for measuring
simultaneously parameters kfs and * and all of them
are based on adjacent cylinders.
The results showed that this method can
simultaneously have estimated a good of kfs and *.
In this study kfs and * are affected by soilsstractural parameters such as ρb, GMD and MWD.
The results also show that performance of the
regression tree is better than multiple linear
regressions. Results indicate that Reynolds PTFs
class predicted kfs with accuracy of 13 %.
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